Here we propose a method, based on detrended covariance which we call detrended cross-correlation analysis (DXA), to investigate power-law cross-correlations between different simultaneously-recorded time series in the presence of non-stationarity. We illustrate the method by selected examples from physics, physiology, and finance.
There are a number of situations where different signals exhibit cross-correlation. In seismology, the degree of cross-correlation among noise signals taken at different antennas of detector arrays is an alert signalling earthquakes and volcanic eruptions [1] . In finance, risk is estimated on the basis of cross-correlation matrices for different assets and investment portfolio [2] . In nanodevices for quantum information processing, electronic entanglement motivates the computation of current noise cross-correlations, to see whether the sign of this signal would be reversed compared to the standard devices [3] . with 0 < γ, γ ′ < 1. We further assume that for the cross-correlation function X (n) ≡
between the time series {y i } and {y
with 0 < γ × < 1. However, this definition assumes stationarity of both time series, and one can question its applicability to real-world data typically characterized by a high degree of non-stationarity.
Currently there is no method to quantify the cross-correlations exponent γ × between two correlated time series in the presence of non-stationarity [4] . Here we propose such a method, and we illustrate the method by selected examples from physics, physiology and finance. To this end, we calculate the covariance:
where
The sums of Eq. (2) can be approximated by integrals:
where the scaling exponents λ and γ × -respectively related to the covariance and the cross-correlation function -are not independent, since λ ≡ 1 − 0.5γ × [5] . For {y i } = {y
the covariance of Eqs. (2)-(3) becomes the variance that for n >> 1 scales as n 2H , so λ = H, where H is the Hurst exponent.
In order to quantify long-range cross-correlations when non-stationarities are present,
we propose a modification of the above covariance analysis which we call detrended crosscorrelation analysis (DXA). We consider two long-range cross-correlated time series {y i } and
, where k = 1, .., N. We divide the entire time series into N − n overlapping boxes, each containing n + 1 values. For both time series, in each box that starts at i and ends at i + n, we define the "local trend" to be the ordinate of a linear least-squares fit. We define the "detrended walk" as the difference between the original walk and the local trend. Next we calculate the covariance of the residuals in each box f
Finally, we calculate the detrended covariance by summing over all overlapping N − n boxes of size n,
When only one random walk is analyzed (R k = R ′ k ), the detrended covariance F 2 DXA (n) reduces to the detrended variance F 2 DF A (n) used in the DFA method [6] . In order to test the utility of the proposed DXA method, power-law auto-correlated time series y i and y ′ i are generated by using a stationary linear "ARFIMA" process [7] : To further exemplify the potential utility of the DXA method for analyzing real-world data, we study two time series, both of which can be considered as two outputs of a complex system: the air humidity and the air temperature [10] . We analyze absolute values of the successive differences of air humidity (denoted by {|y i |}) and air temperature (denoted by We analyze the time series of two EEG variables simultaneously recorded every second, and find that each of them is short-range auto-correlated. The absolute values of two EEG variables we show in Fig. 3(a) . The DFA curves in Fig. 3(b) show that each time series of the magnitudes exhibits power-law auto-correlated behavior, indicating that a large increment is more likely to be followed by a large increment. Fig. 3(b) also shows that, besides auto-correlations, the time series of magnitudes exhibit power-law cross-correlations indicating that a large increment in one variable is more likely to be followed by large increment in the other variable. We also find that power-law magnitude cross-correlations exist between the two time series of magnitudes of two EOG variables. We also find non-vanishing crosscorrelations between ECG time series and C3/A2 time series. In cross-sectional studies where many different physiological time series are recorded, an analysis based on the DXA method should add diagnostic power to existing clinical methods employed to discriminate healthy from pathological behavior. Note that it is always possible that cross-correlations between two time series are only apparent and exist only due to the presence of long-range auto-correlations in separate time series. To test that cross-correlations in magnitudes between two different time series are genuine, we generate an artificial time series {x i } that is strongly auto-correlated in the magnitudes {|x i |}. We find that there are no cross-correlations with an unique power-law exponent between {|x i |} and any of the empirical time series analyzed in the paper.
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